18 F]-Fluorodeoxyglucose Positron Emission Tomography (PET) is an essential imaging modality for the detection of the lymphomas. Generally, the lesions are detected by modeling the characteristics of abnormal areas via thresholding the degree of FDG uptake. However, it is difficult to detect lesions precisely because of inconsistent shape, discontinuous localization. Besides, the sites of normal physiological FDG uptake and normal FDG excretion (sFEPU) such as the kidneys are always interference with lymphoma detection. To address these issues, we propose a novel framework for the recognition of sFEPU and detection of lymphoma based on fully convolutional networks (FCN). FCN is used to extract high-level semantic information for lymphoma detection and meanwhile multi-scale integration in many times to refine the edge detection of sFEPU. Experimental results demonstrates the satisfactory detection and recognition accuracy compared to existing methods.
Introduction
With the incidence of lymphoma increasing year by year, early diagnosis is mainly operated by the experienced physician. The fact that the assessment of lymphoma by physician is time-consuming and a series of subjective and objective factors, however, which may affect the diagnosis results [1, 2] . In addition, lymphoma may appear anywhere in the whole body and the size of lymphoma is relatively too small. Therefore, an automatic method based on computer aided diagnostic (CAD) technology is eager to achieve the accurate identification of lesions.
[ 18 F]-Fluorodeoxyglucose PET is one of the most commonly used imaging modality for detecting malignancies [3, 4] . The lymphoma in PET images is reflected by the degree of the FDG uptake. The standardized uptake value (SUV) is a semi-quantitative analysis method for measuring FDG uptake and further evaluating the conditions of disease [3] . In general, both the tumor regions and the sFEPU regions have a higher SUV value (SUV≥2.5 [5] ), and highlights in PET image. Therefore, in order to accurately detect the lymphoma, it's necessary to precisely distinguish them.
Recently, many approaches have been proposed for lymphoma detection and sFEPU recognition. For example, [6] proposed multi-scale superpixel-based encoding (MSE) to extract features, using superpixel blocks with high uptake as the input. The method could group individual sFEPU fragments into larger areas so that highly correlated features could be extracted exactly. However, the spatial information of the high uptake regions was ignored, affecting the accuracy of recognition to some extent. [7] used region grouping to extract contextual features for identification and [8] utilized maximum relevance-minimum redundancy for optimal selection of features. But both [7] and [8] only made use of low-level features, without using high-level features, which might affect detection performance.
To solve this problem, we leverage a new feature extraction framework based on FCN with multi-scale integration to extract high-level and low-level feature information [9, 10] for better identification. The contributions of our method are as following. First, FCN is used to extract image features based on annotations to solve the recognition and detection problems for the rare lymphoma lesions and complex preprocessing. Second, the multi-scale integration technique is proposed to integrate the results on different scales and to confirm the boundaries of high uptake areas. Experimental results show that our algorithm is superior to other methods in sFEPU boundary recognition and lymphoma detection.
The structure of the remaining part is as follows: part of the Method show the detailed description of our framework; part of Experiment and Result outline the results and discussion; the rest of the paper is Conclusion and Future Work.
Method
This paper propose a multi-scale training and integration framework based on FCN to identify sFEPU and detect lymphoma. The detailed introduction is as follows.
The Recognition of sFEPU
There are always misidentification of sFEPU and lymphoma since they all have similar value of SUV. It is very difficult to directly detect lymphoma on PET images, so we firstly use FCN to identify sFEPU. Fig.1 shows the process of our method. First, the original image is resized into five different scales (from 100%, 95%, 90%, 85%, 80% of PET images). Then each of them is used as the input of corresponding FCN model (see as Fig.1 ). Second, in spite of FCN-8s architecture is much better than FCN-32s, but the results of sFEPU identification by each FCN model are not fine enough. So we integrate the results of sFEPU recognition on five different scales to determine the exact sFEPU boundary. In addition, in order to fully consider the relationship between pixels and eliminate the impact of that the spatial regularization steps are not used in pixel classification, we combine the original image with the integration results of sFEPU recognition as the new input image. Finally, we define the difference between the result and the ground truth as the loss, and iterate the training process until convergences. Generally in our experiments, the loss will be converge after integrating 4-5 times. Besides, we use morphological operations to eliminate isolated pixels to further improve recognition quality. 
The Detection of Lymphoma
The similar process introduced in Fig.1 is used to detect the lymphoma. Because of the boundaries of lymphoma may be adjacent to sFEPU, or even overlap, we compare the results of lymphoma detection with the results of sFEPU recognition. After removing the intersection parts, the final detection results of lymphoma could be obtained (see as Fig.2 ). Finally, we use a morphological operation to improve further the quality of detection results. 
Experiment and Result

Materials and Experimental Setup
The experimental dataset consists of 30 whole-body PET image with 10 lymphoma patients. All data are provided by the General Hospital of Shenyang Military Region. In this paper, we focus on chest and abdomen PET images in terms of high degree of FDG uptake. Therefore, we manually select the slices including the abdomen and the chest parts with a resolution of 128*128 pixels as the original image, an experienced pathologist manually annotated each highlight area as ground truth in chest and abdomen PET images. Then all the annotated areas are checked by a radiologist. In order to easily observe the overall situation of the high absorption area and the accuracy of labeling the area, we convert the cross-sectional image into the coronal image. In this study, we use cross validation to test the model proposed in this paper, that is, 30 groups of data were randomly divided into five groups, using four of them as training set, the remaining one as test set.
With experiments, we compare the results of the sFEPU recognition with two recognition methods including: (Ⅰ) A LSC-MSE-CFSC [6]-a superpixel based feature extraction technique. We replace it with a new features set derived from FCN; ( Ⅱ ) A SUV-MRMR-RBF-SVM [8]-a maximum relevance-minimum redundancy features ranking. We show the results display on the annotation images (Fig. 4) . Fig. 4 display the results of the sFEPU recognition on different times of iteration. It shows that the more times, the better the recognition accuracy. Table 1 shows the final detection results. Because of the fixed position and the characteristics of different feature, the accuracy of sFEPU recognition is relatively higher than other high uptake structure. The reason of relatively low detection result of OHU is that OHU does not have a fixed shape and location, and some other organizations or structures are likely to be identified as OHU. Compared with the other methods, the advantage of our method is that the deeper convolution layers of FCN can learn more abstract features that are less sensitive to the size, position, and direction of the object, thereby helping to improve recognition performance.
Conclusion and Future Work
In this paper, we propose a new architecture for lymphoma detection and sFEPU recognition. Our experimental results are better than traditional feature extraction methods. Because of the limitation of experimental conditions, such as experimental time and hardware conditions, our method may not adequately extract the features of the input image. Therefore, in the future work, we will continue to increase the experimental data and experimental time.
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